The majority of high-grade serous ovarian cancers originate in the fallopian tubes, however, the corresponding structural changes in the extracellular matrix (ECM) have not been well-characterized. This information could provide new insight into the carcinogenesis and provide the basis for new diagnostic tools. We have previously used the collagen-specific Second Harmonic Generation (SHG) microscopy to probe collagen fiber alterations in high-grade serous ovarian cancer and in other ovarian tumors, and showed they could be uniquely identified by machine learning approaches. Here we couple SHG imaging of serous tubal intra-epithelial carcinomas (STICs), high-grade cancers, and normal regions of the fallopian tubes, using three distinct image analysis approaches to form a classification scheme based on the respective collagen fiber morphology. Using a linear discriminant analysis, we achieved near 100% classification accuracy between high-grade disease and the other tissues, where the STICs and normal regions were differentiated with~75% accuracy. Importantly, the collagen in high-grade disease in both the fallopian tube and the ovary itself have a similar collagen morphology, further substantiating the metastasis between these sites. This analysis provides a new method of classification, but also quantifies the structural changes in the disease, which may provide new insight into metastasis.
Introduction
High grade serous ovarian cancer (HGSOC) is an often-fatal disease usually detected at an advanced stage when options for treatment are limited. Only~35% of patients survive for five years when diagnosed with advanced stage disease, whereas, by comparison,~70% of patients survive for that duration when HGSOC is detected at an early stage [1] . Unfortunately, these statistics have not changed significantly for the past several decades and there remains a clear need for more sensitive diagnostic modalities. However, standard clinical imaging modalities including CT, MRI, ultrasound, and PET do not have sufficient resolution and/or sensitivity for detection of early lesions [2] [3] [4] . These shortcomings are especially important for HGSOC, as small lesions can metastasize to the omentum and other locations in the peritoneum [5] [6] [7] .
In this context, a better understanding of the carcinogenesis is also needed. Although referred to as ovarian cancer, in a majority of patients, many high-grade serous cancers originate from the secretory A total of 104 image stacks were utilized for the classification of the tissues and were classified into three groups: distal, STIC, and HGSOC. Visual assignment of these regions in the tissues was done prior to SHG imaging. Specifically, areas of interest were selected based on features present in the H&E and p53 stained slides, identifying dense cellular and high p53 regions. The top row of Figure 2 shows the H&E, p53, and SHG from the same STIC region. The bottom row corresponds to representative distal, STIC, and HGSOC regions in the fallopian tube used in the following analysis. 
Gray Level Co-Occurrence Matrix Analysis
The Gray Level Co-occurrence Matrix (GLCM) is the representation of the distribution of cooccurring pixel grayscale values, i.e., it determines the number of nearest neighbors that have the same brightness. This matrix can then be used to determine several unique texture features that describe the image. We used the following features, which have well-defined formulations based on sums over adjacent pixel pairs, all neighboring pixels, or across the entire image: (i) Angular Second Moment (ASM) and Energy measures the number of repeated pairs. The energy (square root of ASM) will be high if the occurrence of repeated pixel pairs is high.
Inverse Difference Moment (IDM) is related to the smoothness or homogeneity across the image and will be high if the gray levels of the pixel pairs are similar.
Contrast is a measure of the local contrast of an image and will be low if the gray levels of each pixel pair are similar. (iv) Entropy measures the randomness of a gray level distribution and will be high if the gray levels are distributed randomly throughout the image.
(v)
Correlation measures the linear dependency of gray levels on those of neighboring pixels. For each region of interest imaged, the five GLCM textures were calculated for a matching forward and a backward image taken from each stack. Additionally, the images were rotated 90° and the GLCM textures were then re-calculated. This rotation was performed as the GLCM analysis works by analyzing neighboring pixels in a linear direction. Thus, if, for example, a structure in the image is oriented in the direction of analysis, the texture results will vary greatly upon 90° rotation. In contrast, randomly ordered image features will show little change in calculated texture for this rotation. The GLCM values from the 0° and 90° measurements were then averaged. By utilizing both the forward and backward images, a total of 10 textures were calculated for each region of interest imaged. 
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The Gray Level Co-occurrence Matrix (GLCM) is the representation of the distribution of co-occurring pixel grayscale values, i.e., it determines the number of nearest neighbors that have the same brightness. This matrix can then be used to determine several unique texture features that describe the image. We used the following features, which have well-defined formulations based on sums over adjacent pixel pairs, all neighboring pixels, or across the entire image:
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For each region of interest imaged, the five GLCM textures were calculated for a matching forward and a backward image taken from each stack. Additionally, the images were rotated 90 • and the GLCM textures were then re-calculated. This rotation was performed as the GLCM analysis works by analyzing neighboring pixels in a linear direction. Thus, if, for example, a structure in the image is oriented in the direction of analysis, the texture results will vary greatly upon 90 • rotation. In contrast, randomly ordered image features will show little change in calculated texture for this rotation. The GLCM values from the 0 • and 90 • measurements were then averaged. By utilizing both the forward and backward images, a total of 10 textures were calculated for each region of interest imaged.
The resulting values for these ten texture features of the distal, STIC and HGSOC regions with statistical differences are given in Figure 3 . To determine the statistical significance between groups, a one-way ANOVA was first performed for each texture. Of the 10 textures calculated, only one (forward SHG contrast) did not show a significant difference between the groups' means. To further corroborate the differences between groups, a t-test was performed between group pairs for each texture. Overall, the most differences were found between HGSOC, relative to the distal and STIC groups for both the forward and backward SHG images. We found the distal and STIC groups showed few differences between one another in the calculated ASM and entropy textures for both the forward-collected images. However, almost all the texture features showed significant differences between all three groups in the backward channel, suggesting increased differentiation power in this geometry.
showed few differences between one another in the calculated ASM and entropy textures for both the forward-collected images. However, almost all the texture features showed significant differences between all three groups in the backward channel, suggesting increased differentiation power in this geometry.
While it is difficult to a priori determine which texture features will provide discrimination, we can understand the overall trends by considering the different contrast mechanism in these geometries. The backward collected images can reveal both smaller features as well as "segmented" fibers that result from smaller, more random fibril or fiber structures (see Figure 1 ), where the latter appear contiguous in the forward-detected images [31] . This phenomenon arises from destructive interference within the focal volume in the backward emitted SHG and we have previously observed these features in many tissues [33] [34] [35] . The distal regions and STICs show fewer of these dissimilarities than the HGSOC, which are characterized by larger numbers of these segmented features. Thus, differences in texture features based on these differences will be better revealed in the backward geometry.
As the GLCM analysis investigates pixel pairs within the image, in theory, further tuning of the analysis can be achieved by changing the distance between pixel pairs. As the initial analysis was performed utilizing only direct neighbors, testing was done with larger gaps between pixels. This, however, resulted in no significant improvement in the resulting p-values and that data was not included in the final classification. 
Two-Dimensional Fast Fourier Transform Analysis
We next used 2D Fast Fourier Transform (2D-FFT) analysis to compare the features present in the three tissue regions observed in both the forward and backward SHG collection channels. The FFT converts the spatial domain to that in frequency space, where, in terms of microscopy, smaller features (e.g., fibers) will have higher spatial frequencies than larger features. The specific 2D-FFT analysis here takes two different approaches to analyze the log scale power spectrum of the images produced by the native FFT function in ImageJ, where the workflow is shown in Figure 4 . The first approach takes a circular selection in the center of the power spectrum and simply sums the power spectrum radially, where the resultant is then plotted as a function of angle. This plot can then be While it is difficult to a priori determine which texture features will provide discrimination, we can understand the overall trends by considering the different contrast mechanism in these geometries. The backward collected images can reveal both smaller features as well as "segmented" fibers that result from smaller, more random fibril or fiber structures (see Figure 1 ), where the latter appear contiguous in the forward-detected images [31] . This phenomenon arises from destructive interference within the focal volume in the backward emitted SHG and we have previously observed these features in many tissues [33] [34] [35] . The distal regions and STICs show fewer of these dis-similarities than the HGSOC, which are characterized by larger numbers of these segmented features. Thus, differences in texture features based on these differences will be better revealed in the backward geometry.
As the GLCM analysis investigates pixel pairs within the image, in theory, further tuning of the analysis can be achieved by changing the distance between pixel pairs. As the initial analysis was performed utilizing only direct neighbors, testing was done with larger gaps between pixels. This, however, resulted in no significant improvement in the resulting p-values and that data was not included in the final classification.
We next used 2D Fast Fourier Transform (2D-FFT) analysis to compare the features present in the three tissue regions observed in both the forward and backward SHG collection channels. The FFT converts the spatial domain to that in frequency space, where, in terms of microscopy, smaller features (e.g., fibers) will have higher spatial frequencies than larger features. The specific 2D-FFT analysis here takes two different approaches to analyze the log scale power spectrum of the images produced by the native FFT function in ImageJ, where the workflow is shown in Figure 4 . The first approach takes a circular selection in the center of the power spectrum and simply sums the power spectrum radially, where the resultant is then plotted as a function of angle. This plot can then be used to determine the direction of alignment in the image and/or the extent to which the image features are aligned. As the absolute directionality of the fibers within the images are not defined, we opted to use the latter approach. In this treatment, images with more organized and aligned features will produce a larger alignment value, as the resulting power spectrum becomes more asymmetrical. By contrast, an image containing random features will produce a more symmetrical power spectrum. used to determine the direction of alignment in the image and/or the extent to which the image features are aligned. As the absolute directionality of the fibers within the images are not defined, we opted to use the latter approach. In this treatment, images with more organized and aligned features will produce a larger alignment value, as the resulting power spectrum becomes more asymmetrical. By contrast, an image containing random features will produce a more symmetrical power spectrum. The results of the alignment measurement are shown in Figure 5 . We found that the HGSOCs showed a greater alignment than the STIC and distal groups in both the forward-and backwardcollected images, where the order of alignment is the same of HGSOC > STIC > distal. A one-way ANOVA was performed on the group means, and both forward and backward measurements produced p < 0.05 p-values. Between the individual groups, only the distal and STIC groups in the forward images had p > 0.05, showing similarity. Thus, alignment is a robust measure in differentiating the fiber architecture in these tissue classes. We note that these results are analogous to our past observations showing a greater amount of fiber alignment and organization in HGSOC compared to normal ovarian stromal tissue [36] .
The second approach circularly sums the power spectrum, starting at the origin and extending out to its radius. The circular sums are then plotted as a function of the distance in pixels from the origin of the power spectrum, where this yields a single exponential decay ( Figure 4F ), whose amplitude, offset and time constant are the corresponding metrics. The resulting values are given in Figure 5 . The amplitude in the forward and backward channels, along with the offset in the forward channel, produced no significant differences between the groups. However, the time constant in the forward and backward channels, in addition to the offset in the backward channel, showed significant differences. As the power spectrum contains information on the spatial frequencies contained in the image, the fits provide insight into the feature sizes in the respective tissues. In forward channel, the STIC group shows an increased occurrence of higher frequencies (i.e., smaller features) when compared to the distal and HGSOC groups. In the backward channel, the HGSOC group had the largest time constant, suggesting an increase in the distribution of high frequencies in the image. This increase is attributed to the punctate and segmented spots seen more prevalently in the backward images of the HGSOC group, as seen in Figure 1 [31] . Moreover, it is responsible for The results of the alignment measurement are shown in Figure 5 . We found that the HGSOCs showed a greater alignment than the STIC and distal groups in both the forward-and backward-collected images, where the order of alignment is the same of HGSOC > STIC > distal. A one-way ANOVA was performed on the group means, and both forward and backward measurements produced p < 0.05 p-values. Between the individual groups, only the distal and STIC groups in the forward images had p > 0.05, showing similarity. Thus, alignment is a robust measure in differentiating the fiber architecture in these tissue classes. We note that these results are analogous to our past observations showing a greater amount of fiber alignment and organization in HGSOC compared to normal ovarian stromal tissue [36] .
The second approach circularly sums the power spectrum, starting at the origin and extending out to its radius. The circular sums are then plotted as a function of the distance in pixels from the origin of the power spectrum, where this yields a single exponential decay ( Figure 4F ), whose amplitude, offset and time constant are the corresponding metrics. The resulting values are given in Figure 5 . The amplitude in the forward and backward channels, along with the offset in the forward channel, produced no significant differences between the groups. However, the time constant in the forward and backward channels, in addition to the offset in the backward channel, showed significant differences. As the power spectrum contains information on the spatial frequencies contained in the image, the fits provide insight into the feature sizes in the respective tissues. In forward channel, the STIC group shows an increased occurrence of higher frequencies (i.e., smaller features) when compared to the distal and HGSOC groups. In the backward channel, the HGSOC group had the largest time constant, suggesting an increase in the distribution of high frequencies in the image. This increase is attributed to the punctate and segmented spots seen more prevalently in the backward images of the HGSOC group, as seen in Figure 1 [31] . Moreover, it is responsible for the differences in the forward and backward channels in the ASM and IDM in Figure 3 , differentiating HGSOC from distal and STICs. 
CT-FIRE Analysis
We next used curvelet transform-fiber extraction (CT-FIRE) analysis [37] to determine the length, width, and straightness of the collagen fibers in the forward and backward SHG images of the three tissues. This analysis first uses the fiber extraction (FIRE) algorithm [38] to de-noise images, enhance fiber edge features, extract fibers, followed by the curvelet transform (CT) to determine fiber metrics. The results for the forward and backward data with statistical differences are shown in Figure 6 . The data reveal a high degree of similarity between the distal and STIC groups, and also highlight their dissimilarity from the HGSOC structure. For example, the results indicate that the HGSC tissues contain longer and wider fibers when compared to the distal and STIC groups (both channels). The increased width and length of the HGSOC regions correspond with our past observations of HGSOC relative to other ovarian tumors [13] . 
We next used curvelet transform-fiber extraction (CT-FIRE) analysis [37] to determine the length, width, and straightness of the collagen fibers in the forward and backward SHG images of the three tissues. This analysis first uses the fiber extraction (FIRE) algorithm [38] to de-noise images, enhance fiber edge features, extract fibers, followed by the curvelet transform (CT) to determine fiber metrics. The results for the forward and backward data with statistical differences are shown in Figure 6 . The data reveal a high degree of similarity between the distal and STIC groups, and also highlight their dissimilarity from the HGSOC structure. For example, the results indicate that the HGSC tissues contain longer and wider fibers when compared to the distal and STIC groups (both channels). The increased width and length of the HGSOC regions correspond with our past observations of HGSOC relative to other ovarian tumors [13] .
Overall, these results mirror the output of the texture features from the GLCM in Section 2.2. However, unlike those findings, there are minimal differences in the forward and backward analyses. This is because the GLCM probes neighboring features and are sensitive to the segmented features discussed above, whereas the CT-FIRE de-noises the images and is more sensitive to larger structures, such as long contiguous fibers. Overall, these results mirror the output of the texture features from the GLCM in Section 2.2. However, unlike those findings, there are minimal differences in the forward and backward analyses. This is because the GLCM probes neighboring features and are sensitive to the segmented features discussed above, whereas the CT-FIRE de-noises the images and is more sensitive to larger structures, such as long contiguous fibers.
Classification by Linear Discriminate Analysis
The three image analysis approaches had different degrees of success in delineating the three tissue types. Here, we use a linear discriminant analysis (LDA) approach combining the 24 metrics from the GCLM, 2D-FFT and CT-FIRE outputs to further classify the three tissue classes. This method combining variables can provide better discrimination than standalone metrics, where, for example, we have used it in the analysis of ovarian cancer migration data and SHG ovarian cancer imaging [30, 39] . Classification is done in SAS, with the CANDISC and DISCRIM procedures classifying the tissue groups in a two-step process. CANDISC first performs a canonical discriminant analysis to derive the canonical variables for each sample that best summarizes class variation between the groups. As we have three tissue classes, two canonical variables are then calculated for each image stack. The DISCRIM procedure then utilizes the CANDISC output to develop a discriminant criterion, which is then used for group classification. Here, the data used to create the discriminant criterion is treated as an unknown and the classification accuracy is then reported. Here all the SHG forward and backward images are used, as we showed they were dis-similar (see Section 2.1) and can be treated independently.
The results of the DISCRIM and CANDISC procedures utilizing all 24 of the metrics collected from the three different analysis methods are shown in Figure 7a , where the solid and dashed circles represent 95% and 80% confidence, respectively. The HGSOC group (red) is clearly distinguished from both the distal (blue) and STIC (green) groups with high classification accuracy (~96%). While the separation between the distal and STIC groups is not as good compared to HGSOC, the 
The results of the DISCRIM and CANDISC procedures utilizing all 24 of the metrics collected from the three different analysis methods are shown in Figure 7a , where the solid and dashed circles represent 95% and 80% confidence, respectively. The HGSOC group (red) is clearly distinguished from both the distal (blue) and STIC (green) groups with high classification accuracy (~96%). While the separation between the distal and STIC groups is not as good compared to HGSOC, the discriminant criterion is still able to correctly identify the distal and STIC groups with greater than 78% accuracy in both cases.
We next performed receiver operator characteristic (ROC) analyses (true positive vs. false positives) using these data to uniquely quantify sensitivity and specificity. Figure 8a shows the one vs. the rest classification results, where the area under the curve yielded similar values in terms of accuracy for high-grade disease, and somewhat lower for STIC and normal regions than through the true positive accuracy analysis in Figure 7 . Figure 8b shows the cohort analysis, where the area under the curve was 0.85. We next performed receiver operator characteristic (ROC) analyses (true positive vs. false positives) using these data to uniquely quantify sensitivity and specificity. Figure 8a shows the one vs. the rest classification results, where the area under the curve yielded similar values in terms of accuracy for high-grade disease, and somewhat lower for STIC and normal regions than through the true positive accuracy analysis in Figure 7 . Figure 8b shows the cohort analysis, where the area under the curve was 0.85. As not all 24 metrics contribute equally to the discriminatory power of the combined CANDISC and DISCRIM classification, an analysis using fewer variables was done using the STEPDISC procedure. Constraining the metrics to those with a significance level less than 0.15 reduced the analysis to only 12 metrics. Running the classification with this smaller set resulted in reduced accuracy for the HGSOC to ~89%, whereas the STICs and distal regions were classified by 83% and 73%, respectively (Figure 7b ). In aggregate, the full set of metrics performed better, demonstrating the value in using all the possible information.
We next investigated the respective stand-alone ability of the GLCM, 2D-FFT and CT-FIRE analyses to discriminate the tissue groups, using the same combined CANDISC and DISCRIM classification. The results of this analysis are shown in Figure 9 . Overall, the 2D-FFT metrics yielded the best classification of the three methods. Although there is a little variability, the GLCM performed better than the CT-FIRE based metrics. These findings suggest the most important differentiating fibrillar attributes. Specifically, the 2D-FFT is most sensitive to the distribution of feature sizes, as well as overall alignment. In contrast, CT-FIRE reports on the morphology of single collagen fibers, rather than the whole image pattern. The GLCM is similar in this regard, as it reveals similarity in neighboring features rather than whole fibers. As not all 24 metrics contribute equally to the discriminatory power of the combined CANDISC and DISCRIM classification, an analysis using fewer variables was done using the STEPDISC procedure. Constraining the metrics to those with a significance level less than 0.15 reduced the analysis to only 12 metrics. Running the classification with this smaller set resulted in reduced accuracy for the HGSOC to~89%, whereas the STICs and distal regions were classified by 83% and 73%, respectively (Figure 7b ). In aggregate, the full set of metrics performed better, demonstrating the value in using all the possible information.
We next investigated the respective stand-alone ability of the GLCM, 2D-FFT and CT-FIRE analyses to discriminate the tissue groups, using the same combined CANDISC and DISCRIM classification. The results of this analysis are shown in Figure 9 . Overall, the 2D-FFT metrics yielded the best classification of the three methods. Although there is a little variability, the GLCM performed better than the CT-FIRE based metrics. These findings suggest the most important differentiating fibrillar attributes. Specifically, the 2D-FFT is most sensitive to the distribution of feature sizes, as well as overall alignment. In contrast, CT-FIRE reports on the morphology of single collagen fibers, rather than the whole image pattern. The GLCM is similar in this regard, as it reveals similarity in neighboring features rather than whole fibers. 
Discussion
While it is now recognized that most HGSOCs begin in the distal ends of the fallopian tubes, there have been no investigations into the associated collagen remodeling in high-grade disease or the STICs' precursors [9, [40] [41] [42] [43] [44] . The characterization has primarily been through p53 staining and H&E histology showing increased cellularity in these regions. The p53 signature serves as a marker but provides no quantitative information. Thus, quantitative examination of collagen architecture in STICs and high-grade cancer offers a significant opportunity to understand carcinogenesis as well as to provide a classification scheme. The work here builds upon our efforts, that have extensively characterized collagen alterations in a series of ovarian tumors as well as in normal stroma and those from high-risk patients [13, 30] . Through systematic analysis of the collagen fiber morphology, we were able to classify high-grade regions from STIC and normal regions with almost 100% accuracy, and STICs from normal regions with high accuracy (~70%-80%). We stress that we extracted significant differences even with very small samples sets. This is because of the extensive collagen remodeling in conjunction with the sensitivity/specificity of SHG microscopy. This was also borne out in our machine learning analyses of SHG imaging of tumors in the ovary [13, 36] . We note it would be interesting to have true baseline normal tissues for additional comparisons. However, due to the nature of the tumors in the FT (having high grade and STIC regions), it is also important to compare multiple collagen environments within the same TME. This has not been done previously and was a major goal of this work.
Characterization of the collagen architecture of HGSOC regions in the FT also provides an opportunity for direct comparison of high-grade disease in the ovary to provide further insight into its metastatic mechanism. As an example, Figure 10 shows representative SHG images of high-grade disease in these two locations. We have previously shown that the wavy pattern of the latter is highly characteristic of these tumors and is similar between patients [23, 36] . The collagen in HGSOC in the fallopian tube, while less dense than that in the ovary, also has the same characteristic wavy pattern. Specifically, the fibers in both tissues have a sine wave-like morphology with similar periodicities of ~20 microns. It would be interesting to use texture analysis to show that the structures are similar. However, all of our analyses require the collagen coverage in the images to be similar, which is not the case here, and as a result the classifier found the FT and ovarian tumors to be different. We did not attempt to compare the collagen in the normal OSE and FTE, as the differences in collagen coverage were even larger. However, we note that in both normal cases the collagen is more randomly organized, with no apparent alignment. 
Characterization of the collagen architecture of HGSOC regions in the FT also provides an opportunity for direct comparison of high-grade disease in the ovary to provide further insight into its metastatic mechanism. As an example, Figure 10 shows representative SHG images of high-grade disease in these two locations. We have previously shown that the wavy pattern of the latter is highly characteristic of these tumors and is similar between patients [23, 36] . The collagen in HGSOC in the fallopian tube, while less dense than that in the ovary, also has the same characteristic wavy pattern. Specifically, the fibers in both tissues have a sine wave-like morphology with similar periodicities of 20 microns. It would be interesting to use texture analysis to show that the structures are similar. However, all of our analyses require the collagen coverage in the images to be similar, which is not the case here, and as a result the classifier found the FT and ovarian tumors to be different. We did not attempt to compare the collagen in the normal OSE and FTE, as the differences in collagen coverage were even larger. However, we note that in both normal cases the collagen is more randomly organized, with no apparent alignment.
In our previous work using classification of HGSOC images of ovarian tumors, we used an approach called "textons" [13, 36] . Here, the images were broken up into pieces and convolved with a basis set of different shapes and sizes of filters, and repeating features ("textons") were identified. The histograms of these textons were used as training sets and then compared to that of unknown images and classification was performed by ROC analyses. This scheme is a powerful approach for classification but requires significant image data. This was not limiting in our previous efforts as we had thick tissue samples available. In contrast, here we only had thin sections of the FT tissues and could not obtain sufficient data for texton utilization. Thus, we performed a more "brute force" method, involving several metrics to achieve classification. The GLCM approach yields texture features based primarily on nearest neighbor pixel intensity information across the image. The 2D-FFT evaluates spatial frequency distribution (i.e., feature sizes) as well as overall alignment, whereas the CT-FIRE extracts data on individual fiber morphology (e.g., length and width). We performed an LDA using all the combined metrics (24) and found good to excellent discrimination. The approach is fairly general and can be implemented using standard image analysis tools (ImageJ and MatLAB) and statistical analysis (e.g., SAS), even using limited data sets. In our previous work using classification of HGSOC images of ovarian tumors, we used an approach called "textons" [13, 36] . Here, the images were broken up into pieces and convolved with a basis set of different shapes and sizes of filters, and repeating features ("textons") were identified. The histograms of these textons were used as training sets and then compared to that of unknown images and classification was performed by ROC analyses. This scheme is a powerful approach for classification but requires significant image data. This was not limiting in our previous efforts as we had thick tissue samples available. In contrast, here we only had thin sections of the FT tissues and could not obtain sufficient data for texton utilization. Thus, we performed a more "brute force" method, involving several metrics to achieve classification. The GLCM approach yields texture features based primarily on nearest neighbor pixel intensity information across the image. The 2D-FFT evaluates spatial frequency distribution (i.e., feature sizes) as well as overall alignment, whereas the CT-FIRE extracts data on individual fiber morphology (e.g., length and width). We performed an LDA using all the combined metrics (24) and found good to excellent discrimination. The approach is fairly general and can be implemented using standard image analysis tools (ImageJ and MatLAB) and statistical analysis (e.g., SAS), even using limited data sets.
It is important to consider the translational potential of the work both in terms of potential advantages and limitations. One limitation is that cells do not provide SHG contrast. However, SHG can be readily combined with fluorescence on the same multiphoton microscope, either using dyes or cellular autofluorescence. An additional limitation of any microscope-based imaging technique is imageable sample thickness, which, depending on the tissue, is typically a few hundred microns. However, for either the fimbria or OSE, this is more than sufficient, as the most pronounced collagen changes are near the surface epithelium.
We can also consider future in vivo imaging possibilities. In theory, a laser scanning microendoscope could be constructed, either for use in conjunction with laparoscope or for insertion into the vagina and then into the fallopian tubes. Analogous devices have been proposed and designed for other applications [45, 46] . These devices could utilize both two-photon excited It is important to consider the translational potential of the work both in terms of potential advantages and limitations. One limitation is that cells do not provide SHG contrast. However, SHG can be readily combined with fluorescence on the same multiphoton microscope, either using dyes or cellular autofluorescence. An additional limitation of any microscope-based imaging technique is imageable sample thickness, which, depending on the tissue, is typically a few hundred microns. However, for either the fimbria or OSE, this is more than sufficient, as the most pronounced collagen changes are near the surface epithelium.
We can also consider future in vivo imaging possibilities. In theory, a laser scanning microendoscope could be constructed, either for use in conjunction with laparoscope or for insertion into the vagina and then into the fallopian tubes. Analogous devices have been proposed and designed for other applications [45, 46] . These devices could utilize both two-photon excited fluorescence and backward collected SHG. Here we showed there were differences in the forward-and backward-collected SHG images in the histologic slides, where our metrics were more sensitive to the latter. Thus, this approach would be compatible with the SHG metrics in this study.
Methods

Fallopian Tube Tissues
This was a retrospective study where pre-existing specimens were obtained from Dr. Ronny Drapkin from a University of Pennsylvania IRB approved tissue bank. Tissues were completely de-identified, with the exception of the pathology diagnosis. Tissues were all mounted on five micron thick fixed paraffin imbedded histology slides, with some stained for p53. The specimens were from five women and the slides were either high-grade disease or both STIC and high-grade disease. There were no baseline normal samples, so distal regions to STIC and high-grade cancer were used as representatives of normal tissues.
SHG Microscopy
The details of the SHG microscopes in the Campagnola lab have been described in detail by Chen et al. [24] and Lien et al. [47] and are only briefly described here. Imaging is performed with laser scanning galvos (Cambridge Technologies, Bedford, MA, USA), coupled to an upright microscope (BX61; Olympus, Tokyo, Japan). The excitation source is a mode-locked Titanium Sapphire laser (Mira; Coherent, Santa Clara, CA, USA), providing 890 nm excitation. Laser scanning and data acquisition was achieved through home-written LabVIEW code and an FPGA interface board (National Instruments, Austin, Texas). The collected images were 512 × 512 pixels with a field of view of 180 × 180 µm. Power at the specimen was controlled by an electro-optic modulator (Conoptics, Danbury, CT, USA) and the average power at the focus was typically~30 mW. Image acquisition time was 3 s per frame with three-frame Kalman averaging.
A 40 × 0.8 NA water immersion lens (LUMPlanFL/IF; Olympus, Tokyo, Japan) was used to focus the laser into the sample, and a 0.9 NA condenser collected the forward-propagating SHG signal. The lateral and axial resolution of the system was approximately 0.7 and 2.5 µm, respectively, where this is sufficient for resolving collagen fibers. The forward-directed and backward-directed SHG emission was collected using identical photon-counting detectors (7421 GaAsP; Hamamatsu, Hamamatsu City, Japan), with the backward detector in the infinity space of the microscope. For each channel, the SHG wavelength (445 nm) was isolated with a dichroic mirror and 10 nm wide bandpass filter (Semrock, Rochester, New York). The excitation wavelength was confirmed using a fiber-optic spectrometer (Ocean Optics, Dunedin, FL, USA). Circular polarization was used for imaging, as this state excites all fiber orientations equally. This polarization of the excitation laser was determined at the focus by imaging dye labelled vesicles [24] .
Image Analysis
Gray level co-occurrence matrix (GLCM) textures were calculated using FIJI (an open-source ImageJ platform for image analysis) and a custom macro that expedited and automated the analysis. The custom macro utilized the Texture Analyzer plugin (Julio E. Cabrera, version v0.4 2006/07/07) to calculate five texture parameters: Angular Second Moment (ASM), Inverse Difference Moment (IDM), Contrast, Entropy, and Correlation. FIJI was also utilized in the two-dimension fast Fourier transform (2D-FFT) analysis, where two custom macros utilized the Radial Profile Extended (Philippe Carl, version 2017/04/18) and the Oval Profile Plot (Bill O'Connell, version 2012/03/01) plugins. All curve fitting of the 2D-FFT data was done in Origin 2016 (OriginLab, Northampton, MA, USA). CT-FIRE was utilized to perform the curvelet transform and fiber extraction to characterize individual fiber morphology features [37] .
Statistical Analysis
Canonical discriminant analysis and discriminant criterion classification were performed in SAS (SAS Institute Inc., Chicago, IL, USA) using the CANDISC and DISCRIM procedures. The data included in classification were selected through a stepwise discriminant analysis that is also performed in SAS using the STEPDISC procedure. All ANOVA statistical tests and curve fitting were performed in Origin 2016. p values of <0.05 were considered significant.
Conclusions
Using SHG microscopy we have performed a detailed analysis of the fiber morphology in STICs and high-grade cancers in the fallopian tubes relative to normal tissues. We found excellent classification between HGSOC and the other regions and good differentiation between STICs and normal regions. Interestingly, the wavy fiber morphology seen in high-grade disease is similar (based on periodicity) between the fallopian tube and the ovary itself.
The work has both short-and long-term clinical significance. The analysis of the collagen architecture could be incorporated into pathology practice. The SHG microscope for this purpose could essentially be an automated slide reader with an appropriate laser. While we used a laser with a large footprint, much smaller lasers are commercially available that would work for this purpose. Additionally, the collagen in fallopian tubes removed during salpingectomy could be analyzed and used for risk prediction of ovarian cancer. This could potentially preserve the ovary for some women. In the long term, an SHG endoscopic probe could be developed to image the collagen structure in the fimbria. This is a difficult task, given tortuosity the nature of the fallopian tubes, but it may be solved in the future, as the development of in vivo SHG probes is an active area of research.
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